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Abstract

This paper examines how passive ownership affects stock return volatility and

shows this relationship depends critically on stock liquidity. In equal-weighted re-

gressions, the passive ownership coefficient is high and significant, but dramatically

drops and becomes insignificant in cap-weighted regressions. To establish causality,

I exploit index reconstitutions comparing S&P 500 additions (large, liquid stocks)

with Russell 1000/2000 switches (smaller, less liquid stocks). Despite similar first-

stage passive ownership increases, Russell switches generate volatility effects 2.7

times larger than S&P 500 additions. This cross-experiment confirms that liquidity

mediates the passive ownership-volatility relationship.
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1 Introduction

The rise of passive investing has fundamentally transformed equity markets. In the

United States, index mutual funds and exchange-traded funds (ETFs) now hold over

40% of equity assets, up from negligible levels in the 1990s. This shift raises a critical

question: How does the structure of institutional ownership—specifically, the division

between passive and active investors—affect stock return volatility?

Recent evidence documents that passive ownership increases volatility (Ben-David,

Franzoni, & Moussawi, 2018; Coles, Heath, & Ringgenberg, 2022), while earlier work

shows that active institutional investors stabilize markets through informed trading (Boehmer

& Kelley, 2009; Sias, 1996). However, a key question remains unanswered: Do these ef-

fects operate uniformly across all stocks, or do they depend on market structure and the

costs of information acquisition? This paper shows that the answer depends critically

on stock liquidity and information costs. Volatility amplification by passive ownership is

concentrated in illiquid, small-capitalization stocks where information is expensive to ac-

quire. In these stocks, higher passive ownership crowds out informed capital, magnifying

price volatility. In contrast, for liquid, large-cap stocks where information is cheaper to

acquire, active institutions remain engaged and their trading stabilizes prices.

To make this argument, I develop a theoretical model in the spirit of Grossman and

Stiglitz (1980) and Coles et al. (2022), but with a critical extension: I allow the cost of ac-

quiring private information to vary with the liquidity of the underlying asset. This simple

modification generates two key predictions. First, holding information fixed, volatility

increases with the passive share via a flow-impact channel—passive funds trade mechani-

cally in response to flows, and their price impact is larger when informed participation is

scarce. Second, and more importantly, the indexing-volatility slope is steeper in illiquid,

2



microcap stocks because the cost of becoming informed is higher precisely where market

depth is thinnest. In these stocks, the rise in passive ownership endogenously shrinks the

informed sector, amplifying the mechanical trading effect.

Empirically, I test these predictions using U.S. data from 1990 to 2019. I construct

three distinct ownership measures: (i) passive ownership, defined as the fraction of shares

outstanding held by passive mutual funds (index funds and ETFs); (ii) active mutual fund

ownership, defined as the fraction held by actively managed mutual funds; and (iii) active

investment advisor ownership, defined as the fraction held by 13F institutional investors

classified as investment advisors (including hedge funds). This decomposition allows me

to isolate the effects of passive versus active investment strategies while controlling for

stock and time fixed effects.

The panel regression results strongly confirm the model’s predictions. Passive own-

ership is positively and significantly associated with return volatility, and this effect is

highly concentrated in illiquid, small-cap stocks. In equal-weighted regressions, the pas-

sive ownership coefficient on volatility is 3.14 and highly significant. However, when I

estimate market-capitalization-weighted regressions that give more weight to large, liq-

uid stocks, the coefficient drops to 0.83 and becomes statistically insignificant. This

stark difference between equal-weighted and value-weighted results reveals that passive

ownership effects are concentrated among numerous small stocks rather than the large

stocks that dominate market capitalization. Further partitioning confirms this liquidity

dependence. When I split the sample by firm size, the passive ownership coefficient in mi-

crocaps (stocks below the 20th percentile of NYSE market capitalization) is 4.15—more

than four times larger than the coefficient of 0.99 in non-microcaps. When I partition by

liquidity quintiles, the coefficient increases monotonically from -2.26 in the most liquid

3



quintile to 5.23 in the least liquid quintile. In contrast, active ownership by investment

advisors shows stabilizing effects across all stocks, but the effect is stronger in liquid

stocks, consistent with informed trading dampening volatility where information costs

are low.

To strengthen causal inference, I exploit quasi-random variation from two natural

experiments: S&P 500 index reconstitutions (Bennett, Stulz, & Wang, 2020; Qin & Singal,

2015; Sammon, 2025) and Russell 1000/2000 index reconstitutions (Appel, Gormley, &

Keim, 2016; Ben-David et al., 2018; Coles et al., 2022; Heath, Macciocchi, Michaely, &

Ringgenberg, 2022; Sammon, 2025). These events generate exogenous shocks to passive

ownership because index funds mechanically adjust their holdings to match the new

index composition. Critically, the two settings differ in the liquidity profile of affected

stocks. S&P 500 reconstitutions primarily affect large, liquid stocks with relatively low

information costs, while Russell 1000/2000 reconstitutions predominantly affect smaller,

less liquid stocks near the size cutoff where information is more costly to acquire.

The quasi-experimental results provide compelling support for the liquidity-dependent

mechanism. Both experiments generate similar first-stage increases in passive ownership:

S&P 500 additions increase passive ownership by 1.90 percentage points, while Russell

switches increase it by 1.70 percentage points. However, the volatility effects differ dra-

matically. The instrumental variables estimate for Russell switches is 0.198, indicating

that a one-percentage-point increase in passive ownership raises quarterly volatility by

0.198 percentage points—statistically significant and economically large (12% of baseline

volatility). In contrast, the S&P 500 estimate is 0.073, less than half the size and statisti-

cally insignificant. The Russell IV estimate is 2.7 times larger than the S&P 500 estimate

despite comparable first-stage shocks. This cross-experiment heterogeneity directly con-
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firms the model’s central prediction: passive ownership affects volatility more in illiquid

stocks where information costs are high.

This distinction is important because it provides strong empirical support for the

underlying economic mechanism. It demonstrates that the mechanical trading of passive

funds has the most severe impact precisely where the informed sector is already thin due

to high information costs. By identifying where these effects are strongest, my findings

deepen our understanding of how the rise of passive investing alters market stability. From

a policy perspective, the results highlight that concerns about passive investing should be

targeted rather than broad-based. The economically meaningful volatility amplification

is concentrated in small, illiquid firms that represent the majority of listed companies

but only a small fraction of aggregate market capitalization. For the broader market,

where large-cap stocks dominate, passive ownership appears largely benign. Recognizing

this distinction matters for regulators tasked with monitoring systemic risk and for asset

managers seeking to understand where passive flows generate the greatest fragility.

1.1 Contribution to the Literature

This contributes to the literature on institutional ownership and volatility. Early

work emphasized stabilization: Sias (1996) found lower volatility with greater institu-

tional ownership. Recent studies find destabilizing effects: Coval and Stafford (2007)

showed mutual fund outflows force fire-sale liquidations; Greenwood and Thesmar (2011)

documented fragility from concentrated ownership; Ben-David et al. (2018) found ETFs

increase volatility through arbitrage-driven trading; Ben-David, Franzoni, Moussawi, and

Sedunov (2021) showed the largest institutions amplify volatility through correlated trad-

ing; Coles et al. (2022) found index investing increases volatility. I contribute to this liter-

ature by demonstrating the relationship is neither uniform nor unconditional—it depends
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on investment strategy (passive vs. active) and stock liquidity. Destabilizing effects are

driven by passive strategies in illiquid stocks; active ownership is neutral or stabilizing.

By constructing direct measures separating passive mutual funds, active mutual funds,

and investment advisors, I show the aggregate positive ownership-volatility relationship

reflects passive vehicles, not institutional capital generally.

The paper also contributes to the rapidly growing literature on the effects of passive

investing. The rise of index funds and ETFs has generated intense academic and policy

debate about their implications for market efficiency and financial stability. On mar-

ket efficiency: Qin and Singal (2015), Gârleanu and Pedersen (2018), Breugem and Buss

(2019), Bond and Garcia (2022), Kacperczyk, Nosal, and Sundaresan (2025), and Haddad,

Huebner, and Loualiche (2025) found passive investing reduces informativeness; Glosten,

Nallareddy, and Zou (2021) and Buss and Sundaresan (2023) found positive effects; Coles

et al. (2022) found found no effect on informativeness despite reduced information pro-

duction. On market stability: Ben-David et al. (2018) showed ETFs increase volatility

through arbitrage: creation/redemption generates correlated non-fundamental trading;

Brown, Davies, and Ringgenberg (2021) documented ETF arbitrage increases intraday

volatility; Chang, Hong, and Liskovich (2015) and Da and Shive (2018) documented

excess comovement from ETF ownership; Bhattacharya and O’Hara (2018) found that

ETFs can introduce fragility by exacerbating herding behavior. My paper complemenets

this literature by showing volatility effects are heterogeneous and liquidity-dependent,

not uniform. I demonstrate this through theoretical predictions linking information costs

and volatility amplification and quasi-experimental evidence comparing S&P 500 (large,

liquid) versus Russell (smaller, less liquid) reconstitutions, showing larger volatility effects

where information is costlier.
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In theoretical contribution, the paper extends the framework of Coles et al. (2022),

who adapted Grossman and Stiglitz (1980) to study the effects of passive investing. They

showed that an increase in the share of passive investors—who trade mechanically with-

out regard to price—reduces the share of the overall informed sector. However, in their

equilibrium model, the fraction of active investors who choose to acquire private infor-

mation about underlying asset remain unchanged. Importantly, they find that price

informativeness, measured by the correlation between price and fundamental value, re-

mains constant regardless of the level of passive investing. Their model assumes a fixed

cost of information acquisition, which implies that the indexing-informativeness relation-

ship is uniform across all assets. I extend this framework by introducing asset-specific

information costs that depend on the liquidity of the underlying stock. This modification

is motivated by extensive empirical evidence that information is more costly to acquire for

small, illiquid firms (Bhushan, 1989; Hong, Lim, & Stein, 2000). In my model, the cost of

becoming informed is decreasing in a liquidity proxy. This heterogeneity generates a key

cross-sectional prediction that is absent from Coles et al. (2022): the passive ownership-

volatility slope is steeper in microcap stocks, where information costs are highest and

informed participation is endogenously scarce.

The paper proceeds as follows. Section 2 develops the theoretical framework and

derives testable hypotheses. Section 3 describes the data and variable construction, in-

cluding the methodology for identifying passive and active ownership. Section 4 presents

the main empirical results on the relationship between ownership type and volatility,

disaggregated by stock liquidity. Section 5 reports the quasi-experimental evidence from

index reconstitutions. Section 6 concludes with a discussion of policy implications and

directions for future research.
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2 Theoretical Framework and Hypotheses Development

To analyze how the share of passive investment and interaction with liquidity of

underlying assets affects asset price volatility, I develop a market microstructure model in

the spirit of Grossman and Stiglitz (1980) and Coles et al. (2022), extended to information

costs depending on the liquidity of underlying assets.

2.1 Environment

Consider a single risky asset with payoff θ̃+ ε̃, where θ̃ ∼ N (0, σ2
θ) and ε̃ ∼ N (0, σ2

ε ) .

At t = 0, an exogenous and non-informational net supply by price-insensitive noise trades

is x̃, where x̃ ∼ N (µx, σ
2
x). Assume that θ̃, ε̃, and x̃ are jointly normal and uncorrelated.

There is a unit mass of atomistic investors who have CARA utility with risk aversion

ψ and exogenous initial wealth W0. At t = 0, each investor chooses between three

options: To be a passive index investor, an active publicly-informed investor, or an active

privately-informed investor. The fixed cost of being an index investor is cI ; the cost of

being an active investor is cA. The fraction of investors who choose to index is denoted

by m, and these index investors choose their optimal allocation, Xind. As a whole, index

investors demand mXind shares of the asset regardless of its price, which means they are

price-insensitive.

The remaining mass of investors, 1 − m, are price-sensitive active investors. Each

active investor chooses whether to pay an additional information cost c to learn the

nonpublic signal θ. If they do, they are a privately-informed investor and have demand

for each asset, XI . Unlike Coles et al. (2022), which set a fixed cost c to be privately-

informed investor, I assume that the cost c is decreasing in the liquidity proxy S (e.g.,

market cap or inverse Amihud measure): c = γS−φ, γ > 0, φ > 0. If they choose not
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to pay c, they are a publicly-informed active investor, and their demand for each asset

is XU . Among 1 − m active investors, the fraction of privately-informed investor is λ;

the rest are publicly-informed active investors. The fraction m and λ are determined in

equilibrium, where each investor is indifferent between the three categories:

E[−exp(−ψW̃1)|Xind] = E[−exp(−ψW̃1)|X̃I ] = E[−exp(−ψW̃1)|X̃U ],

2.2 Equilibrium

Guess and check that the equilibrium price is linear in θ and x:

P = A+Bθ − Cx

2.2.1 Optimal Allocation

Index investors choose their optimal allocation Xind by solving:

max
Xind

E[−exp(−ψW1)] s.t. W1 = W0 − cI +Xind(θ̃ + ε̃− P̃ )

= E[−exp(ψ(W0 − cI +Xind(θ̃ + ε̃− P̃ ))]

= −exp(−ψ(W0 − cI +Xind E[θ̃ − P̃ ]) +
1

2
ψ2X2

indσ
2
ind),

where P̃ is the asset’s price at t = 0 and σ2
ind = (1−B)2σ2

θ + σ2
ε +C2σ2

x. The FOC gives

Xind = 1
ψ

E[θ̃−P̃ ]

σ2
ind

= 1
ψ
Cµx−A
σ2
ind

Privately-informed active investors choose their allocation XI by solving:

max
XI

E[−exp(−ψW1)|θ, P ] s.t. W1 = W0 − (cA + c) +XI(θ + ε̃− P )

= E[−exp(ψ(W0 − (cA + c) +XI(θ + ε̃− P ))]

= −exp(−ψ(W0 − (cA + c) +XI(θ − P )) +
1

2
ψ2X2

I σ
2
ε ),

The FOC gives XI = 1
ψ
θ−P
σ2
ε
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Publicly-informed active investors choose their allocation XU by solving:

max
XI

E[−exp(−ψW1)|P ] s.t. W1 = W0 − cA +XU(θ̃ + ε̃− P )

= E[−exp(ψ(W0 − cA +XU(θ̃ + ε̃− P ))|P ]

= −exp(−ψ(W0 − cA + +XU(E(θ̃|P )− P )) +
1

2
ψ2X2

U [Var(θ̃|P ) + σ2
ε ]),

The FOC gives XU = 1
ψ

E(θ̃|P )−P
Var(θ̃|P )+σ2

ε
= 1

ψ

κ
B
(P+Cµx−A)−P

σ2
U

, where κ =
B2σ2

θ

C2σ2
x+B

2σ2
θ

and σ2
U =

(1− κ)σ2
θ + σ2

ε .
1

2.2.2 Market clearing

The equilibrium price function clears the market:

x̃ = mXind + (1−m)λXI + (1−m)(1− λ)XU

⇒ ψ
x̃

(1−m)
=

m

(1−m)

Cµx − A
σ2
ind

+ λ
θ − P
σ2
ε

+ (1− λ)
κ
B

(P + Cµx − A)− P
σ2
U

⇒ σ2
Uψ

x̃

(1−m)
= σ2

U

m

(1−m)

Cµx − A
σ2
ind

+
λ

σ2
ε

σ2
U(θ − P ) + (1− λ)(

κ

B
− 1)P+

(1− λ)
κ

B
(Cµx − A)

⇒ λσ2
U

σ2
ε

P − (1− λ)(
κ

B
− 1)P = [

σ2
U

σ2
ind

m

(1−m)
+ (1− λ)

κ

B
](Cµx − A) +

λσ2
U

σ2
ε

θ−

σ2
Uψ

(1−m)
x̃

⇒ P = ξ[
σ2
U

σ2
ind

m

(1−m)
+ (1− λ)

κ

B
](Cµx − A) +

ξλσ2
U

σ2
ε

θ − ξσ2
Uψ

(1−m)
x̃

where ξ =
[
λσ2
U

σ2
ε
− (1− λ)( κ

B
− 1)

]−1
.

2.3 Comparative Statics

The equilibrium price function is

P = A+Bθ − Cx
1See Appendix B of Coles et al. (2022) for the derivation of posterior about θ̃
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Variance decomposes as

Var (P ) = B2σ2
θ,j + C2σ2

x,j = (
ξλσ2

U

σ2
ε

)2σ2
θ,j + (

ξσ2
Uψ

1−m
)2σ2

x

Only the second term depends on m :

∂ Var (P )

∂m
= 2

(ξσ2
Uψ)2

(1−m)3
σ2
x > 0

so volatility rises with the mass of index investors, same as Coles et al. (2022). Moreover,

the cross-partial derivative w.r.t. size/liquidity is

∂2Var (P )

∂m∂S
= 4

ξσ2
Uψ

(1−m)3
∂ξ

∂λ

∂λ

∂c

∂c

∂S
σ2
x < 0,

since ∂c
∂S

= −γφS−(φ+1) < 0, ∂λ
∂c
< 0 (higher information cost leads to fewer informed

investors), and ∂ξ−1

∂λ
=

σ2
U

σ2
ε

+( κ
B
−1) > 0 (so that ∂ξ

∂λ
< 0). Therefore, the indexing-volatility

slope is higher for smaller/illiquid assets.

Figure 1 plots the standard deviation of price as the share of index investors increases

with different values of liquidity proxy. The volatility increases as the share of index

investors increases, but more importantly, the slope is steeper for the asset with lower

liquidity proxy.

3 Data

3.1 Institutional Investors Ownership

The empirical analysis draws on several comprehensive data sources spanning the

period from January 1990 to December 2019. This 30-year sample period captures the

dramatic growth in passive investing. Stock returns, market capitalization, and other

firm-level characteristics are obtained from the Center for Research in Security Prices

(CRSP) daily and monthly files. The sample is restricted to common stocks listed on

major U.S. exchanges (CRSP share codes 10 and 11). The primary dependent variable is

stock return volatility, measured as the standard deviation of daily returns within each
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calendar quarter. This frequency aligns with the availability of institutional ownership

data, which is reported quarterly. Firm-level control variables include the logarithm of

market capitalization, the inverse of stock price, the Amihud illiquidity ratio, the book-

to-market ratio, and cumulative returns over the prior six months.

Institutional ownership data are sourced from two databases: the Thomson Reuters

Institutional and Mutual Fund Holdings database and the CRSP Mutual Fund Holdings

database. The Thomson Reuters database compiles quarterly institutional and mutual

fund holdings from SEC Form 13F filings. The CRSP Mutual Fund Holdings database

provides more detailed information on individual mutual funds, including fund investment

objectives and passive/active classification.

I define passive ownership as the fraction of shares outstanding held by passive mutual

funds, including both traditional index mutual funds and exchange-traded funds (ETFs).

To identify passive funds, I use the CRSP mutual fund database’s index fund indicator.

Active mutual fund ownership is defined as the fraction of shares outstanding held by

actively managed mutual funds. Following Kacperczyk, Sialm, and Zheng (2008), I iden-

tify actively managed domestic equity funds in the CRSP mutual fund database using

investment objective codes and exclude all funds classified as passive or index funds.

However, active mutual funds might not corretly reflect sophisticated and informed

investors (Akbas, Armstrong, Sorescu, & Subrahmanyam, 2015). Therefore, I also cal-

culate investment advisor (including hedge funds) ownership, defined as the fraction of

shares outstanding held by 13F institutional investors classified as investment advisors,

excluding mutual fund families. The Thomson Reuters 13F database includes institu-

tion type codes that classify filers into categories, including investment advisors, banks,

insurance companies, and others. I adopt the corrected institution type classifications
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from Koijen and Yogo (2019) and Brian Bushee’s website to address known classification

errors in the Thomson Reuters data starting in December 1998. Finally, I only include

the “transient” institutions who has high turnovers and diversified portfolios, based on

Bushee and Noe (2000).

To test the model’s prediction that the passive ownership-volatility relationship is

stronger in illiquid, small-cap stocks, I partition the sample into microcap and non-

microcap stocks. Following Fama and French (2008), microcaps are defined as stocks

with market capitalizations below the 20th percentile of NYSE-listed firms in a given

quarter. This breakpoint is calculated each quarter using only NYSE stocks to avoid

the influence of the large number of small NASDAQ stocks. Stocks are then classified

as microcaps or non-microcaps based on this NYSE breakpoint, and separate regressions

are estimated for each subsample.

For the quasi-experimental analysis, I borrow data from Sammon (2025) to identify

S&P 500 index additions and deletions and Russell 1000/2000 index reconstitutions.

The S&P 500 index is maintained by a committee that selects constituents based on

multiple criteria, including market capitalization, liquidity, financial viability, and sector

representation. Index changes are announced several days before implementation, and I

identify the announcement and effective dates for all additions and deletions during the

sample period.

The Russell indexes are reconstituted annually in June based on market capitalizations

at the end of May (the ”ranking day”). Stocks ranked 1-1000 by market capitalization

are assigned to the Russell 1000, and stocks ranked 1001-3000 are assigned to the Russell

2000. Critically, the assignment is mechanical and based solely on the ranking, providing a

sharp regression discontinuity design around the 1000th stock. I identify all stocks within

13
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a bandwidth around this cutoff (e.g., ranks 900-1100) to examine the differential effects

of Russell 2000 versus Russell 1000 membership on passive ownership and volatility.

Table 1 presents presents summary statistics for the sample period divided into three

decades: 1990-1999, 2000-2010, and 2010-2019. Passive fund ownership increased six-

teenfold from 0.3% (1990s) to 4.8% (2010-2019), while active mutual fund ownership

grew from 7.9% to 13.9%. Average market capitalization increased from $1.3 billion to

$6.1 billion, though distributions remained highly right-skewed throughout. Daily return

volatility was high in the 1990s (3.74%), stable in 2000-2010 (3.71%), then declined to

2.69% in 2010-2019, likely reflecting the dot-com boom/bust, financial crisis, and the

2010s expansion. The Amihud illiquidity measure declined from 6.64 to 1.58, reflecting

improved market liquidity. Substantial cross-sectional heterogeneity persists through-

out: in 2010-2019, passive ownership ranges from 0% to 37.8%, volatility from 0.22%

to 14.16%, and market capitalization from $0.4 million to $1.3 trillion. This variation

enables the identification of differential effects across liquidity segments as predicted by

theory.

4 Passive versus Active Ownership and Volatility

4.1 Baseline Panel Regressions

To estimate the effect of passive versus active ownership on stock return volatility, I

estimate the following panel regression model:

Voliq = β1PassiveMFiq−1+β2ActiveMFiq−1+β3Advisoriq−1+Controlsiq−1+µi+δq+εiq

(1)

where Voliq is the standard deviation of daily returns for stock i in quarter q, PassiveMF

is the fraction of shares held by passive mutual funds, ActiveMF is the fraction held by
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active mutual funds, and Advisor is the fraction held by investment advisor institutions.

Controls include log(market cap), inverse price, Amihud illiquidity, book-to-market ratio,

and past six-month returns. All explanatory variables are lagged by one quarter. µi and

δq represent stock and quarter fixed effects, respectively, and standard errors are clustered

by stock and quarter to account for both cross-sectional and time-series correlation in

the residuals.

The key prediction from the theoretical model is that β1 > 0 (passive ownership

increases volatility) and that this effect is concentrated in illiquid, small-cap stocks where

information costs are high. In contrast, β2 and β3 should be zero or negative if active

ownership provides informed trading and liquidity.

Table 2 presents the baseline results. The findings strongly support the model’s pre-

dictions and reveal sharp heterogeneity in how different types of institutional ownership

affect volatility. Passive fund ownership is positively and significantly associated with

return volatility in the full sample, with a coefficient of 3.14. This implies that a one-

standard-deviation increase in passive ownership (approximately 3.7 percentage points

in 2010-2019) is associated with a 0.12 percentage point increase in quarterly volatility,

representing about 4% of the sample mean volatility. Critically, this effect is highly het-

erogeneous across firm size and liquidity segments. In the market-capitalization-weighted

specification, which gives more weight to large, liquid stocks, the passive ownership coef-

ficient drops to 0.83 and becomes statistically insignificant. This indicates that from an

aggregate market perspective—the perspective most relevant for overall market stability

and investor welfare—passive ownership does not significantly increase volatility. The

subsample analysis reveals where the effects are concentrated. In non-microcap stocks

(above the 20th percentile of NYSE market capitalization), the passive ownership co-
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efficient is 0.99 and only marginally significant. However, in the microcap subsample,

the coefficient is 4.15 and highly significant—more than four times larger than in non-

microcaps. This confirms the model’s central prediction: the passive ownership-volatility

relationship is strongest in illiquid, small-cap stocks where information costs are highest

and informed participation is most scarce.

The results for active ownership present a stark contrast. Active mutual fund own-

ership shows no significant relationship with volatility in either the market-cap-weighted

specification (coefficient -0.06) or the non-microcap subsample (coefficient -0.04). In the

microcap subsample, the coefficient is positive and significant (1.81), and this likely re-

flects previous findings that flows to mutual funds have been shown to create distortions

in capital allocation (Akbas et al., 2015). Investment advisor ownership is consistently

negative and highly significant across all specifications except microcaps. In the full sam-

ple, the coefficient is -0.53; in the cap-weighted specification, -0.79; and in non-microcaps,

-1.07. These results suggest that investment advisors—which include hedge funds and

sophisticated active managers—provide a stabilizing influence on stock prices, consistent

with informed trading that dampens rather than amplifies volatility. In microcaps, the

effect becomes insignificant, potentially because the high costs of acquiring information

about these firms limit active managers’ engagement.

To further test the model’s prediction that passive ownership effects vary with infor-

mation costs, I examine how the ownership-volatility relationship differs across illiquidity

quintiles. Table 3 presents results where the sample is partitioned into five equal groups

based on the Amihud illiquidity measure, ranging from the most liquid stocks (Quintile

1) to the most illiquid stocks (Quintile 5). The results provide striking confirmation of

the liquidity-dependent mechanism. The coefficient on passive fund ownership increases
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monotonically with illiquidity, rising from -2.26 in the most liquid quintile to 10.30 in the

fourth quintile and 5.23 in the most illiquid quintile. While the negative coefficient in

the most liquid quintile is unexpected, the pattern across quintiles 2-5 strongly supports

the theoretical prediction: passive ownership has larger volatility effects where stocks are

less liquid and information is more costly to acquire. The economic magnitudes are sub-

stantial. In the fourth illiquidity quintile, a one-standard-deviation increase in passive

ownership (approximately 3.7 percentage points) is associated with a 0.38 percentage

point increase in quarterly volatility—roughly 14% of mean volatility in that quintile.

In the most illiquid quintile, the effect remains large at 5.23, though the coefficient is

smaller than in quintile 4, possibly reflecting that the most illiquid stocks have such thin

markets that all trading (not just passive flows) generates high volatility. Investment

advisor ownership shows consistent stabilizing effects across all liquidity quintiles, with

coefficients ranging from -0.52 to -1.76, all statistically significant. The stabilizing effect

is strongest in the most liquid quintile (-1.76), suggesting sophisticated active managers

are most engaged where information costs are lowest and arbitrage opportunities most

profitable. Even in the most illiquid quintile, investment advisors retain a stabilizing

effect (-0.97), though the magnitude is smaller, consistent with higher information costs

reducing active participation. Active mutual fund ownership shows positive coefficients

across most quintiles, ranging from 0.32 (insignificant) in the most illiquid quintile to

1.09 in the fourth quintile. Again, this shows that active mutual funds do not perform

as informed and sophisticated investors.

The results provide strong support for the theoretical mechanism. Passive funds trade

mechanically in response to flows without conditioning on stock-specific information. In

liquid, large-cap stocks where information is cheap to acquire and many active investors
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remain engaged, this mechanical trading has minimal impact on volatility. However, in

illiquid, microcap stocks where information is costly to produce and the informed sector

is endogenously smaller, passive flows generate substantial price impacts that manifest

as higher volatility. The contrasting effects of active ownership—particularly the strong

negative coefficient for investment advisors in liquid stocks—suggest that active investors

provide a stabilizing role through informed trading that counteracts noise and price pres-

sure. The fact that this stabilizing effect disappears in microcaps is consistent with the

model: when information costs are prohibitively high, even sophisticated active man-

agers may not find it profitable to become informed, leaving these stocks more vulnerable

to volatility from passive flows. From a policy perspective, these findings suggest that

concerns about passive investing and market stability should be targeted rather than

uniform. The economically significant volatility effects are concentrated in a specific seg-

ment—illiquid, small-cap stocks—that represents the majority of listed firms but only

a small fraction of aggregate market capitalization. For the broader market, passive

ownership appears to have minimal or no effect on volatility.

5 Quasi-Experimental Evidence: Index Reconstitutions

The panel regression results in Section 4 establish a strong correlation between passive

ownership and volatility, particularly in illiquid stocks. However, these correlations do

not conclusively establish causality. Passive funds may preferentially select stocks with

certain characteristics that independently affect volatility, or reverse causality may op-

erate through portfolio rebalancing decisions. To address these endogeneity concerns, I

exploit quasi-experimental variation in passive ownership generated by mechanical index

reconstitutions.
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I use two distinct index reconstitution events: additions to the S&P 500 index and

switches between the Russell 1000 and Russell 2000 indices. These events generate plau-

sibly exogenous shocks to passive ownership because index membership is determined by

mechanical rules rather than fund manager discretion. Critically, the two experiments

differ systematically in the liquidity profile of affected stocks—S&P 500 additions involve

large, liquid firms while Russell reconstitutions affect smaller, less liquid firms. This al-

lows me to directly test the model’s prediction that passive ownership effects on volatility

are stronger where information costs are higher.

5.1 Identification Strategy

5.1.1 S&P 500 Addition

The S&P 500 index is maintained by a committee at S&P Dow Jones Indices that

selects constituents based on multiple criteria. To be eligible for inclusion, a firm must:

(i) have market capitalization typically above $13 billion, (ii) maintain adequate liquidity

(dollar value traded to market cap ratio of at least 0.75), (iii) demonstrate financial

viability through positive earnings in the most recent quarter and positive cumulative

earnings over the prior four quarters, (iv) be domiciled in the United States, (v) have at

least 50% of shares available to public investors (float), (vi) be organized as a corporation

with common stock, and (vii) have been publicly traded for at least 12 months (with

exceptions for large IPOs). The committee also considers sector representation and aims

to maintain diversification across industries. When a firm is added to the S&P 500, passive

funds tracking the index—including both traditional index mutual funds and ETFs—must

purchase shares to replicate the index. This generates a mechanical increase in passive

ownership unrelated to changes in firm fundamentals or informed investors’ assessments of
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firm value. Index additions are typically announced several days before implementation,

with the effective date when index funds rebalance their portfolios.

The key identification challenge is that index additions are not random—the com-

mittee selects firms based on observable characteristics that may independently affect

volatility. To address this, I construct a matched sample of control firms that satisfy the

S&P 500 eligibility criteria but were not added to the index, following Sammon (2025).

For each firm added to the S&P 500, I identify control firms that—at the time of index

addition—(i) are not in the S&P 500, (ii) meet all financial viability criteria, and (iii) fall

in the same industry-size bucket. I also identify a second control group of firms already

in the S&P 500 in the same industry-size bucket to control for index membership effects

separate from the addition itself.

5.1.2 Russell 1000/2000 Indices

The Russell 1000 and Russell 2000 indices are maintained by FTSE Russell and recon-

stituted annually each June. Unlike the S&P 500, Russell index assignment is mechanical:

firms are ranked by float-adjusted market capitalization measured on the last trading day

of May, with the top 1,000 firms assigned to the Russell 1000 and firms ranked 1,001–3,000

assigned to the Russell 2000. In 2007, Russell implemented a ”banding” methodology to

reduce turnover. Existing Russell 1000 members must fall below the 1,000th rank by at

least 2.5% of total Russell 3000E market capitalization (the ”lower band”) to switch to

the Russell 2000. This banding creates hysteresis: a firm can remain in its current index

even if not precisely at the threshold rank. I follow Coles et al. (2022) to identify treated

and control firms. For each year from 2007–2019, I identify potential switchers as firms

that: (i) were in the Russell 1000 the prior year, and (ii) have May market capitalization
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within ±100 ranks of the lower band threshold. Treated firms are those that switched to

the Russell 2000; controls are those that stayed in the Russell 1000. Switching from the

Russell 1000 to the Russell 2000 increases passive ownership because the Russell 2000 has

higher aggregate passive ownership intensity: since Russell 2000 constituents are smaller

on average, a given dollar in a Russell 2000 index fund represents a larger fraction of each

constituent’s market capitalization.

The identifying assumption for both experiments is that, conditional on observables

(industry, size, profitability for S&P 500; proximity to threshold for Russell), treatment

assignment is quasi-random with respect to future volatility trends. Pre-treatment par-

allel trends (documented below) support this assumption.

My S&P 500 sample includes additions from January 2007 through December 2019,

focusing on post-2007 to match the Russell sample period and ensure comparable market

conditions. I exclude: (i) additions due to mergers, spin-offs, or corporate actions where

inclusion is mechanical, (ii) fast-track IPO additions with less than 12 months of trading

history, and (iii) re-additions of firms previously in the index. For each addition, I

retain observations from 4 quarters before to 4 quarters after the effective date, excluding

quarters t-1, t, and t+1 to avoid mechanical price pressure effects (Madhavan, 2003;

Morck & Yang, 2001). The final sample includes 259 treated firms, 502 control firms

already in the index, and 912 control firms outside the index.

My Russell sample includes firms within ±100 ranks of the Russell 1000/2000 thresh-

old from 2007–2019. The ±100 rank bandwidth balances comparability (narrower band-

widths) against statistical power (wider bandwidths). I retain observations from 4 quar-

ters before to 4 quarters after June reconstitution, excluding quarters t-1, t, and t+1.

After applying filters, the sample includes 194 treated firms (switching from Russell 1000
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to Russell 2000) and 186 control firms (staying in Russell 1000).

Table 4 presents summary statistics for both experiments in the pre-treatment period

(quarters t-12 to t-2). Panel A shows S&P 500 additions, Panel B shows Russell switches.

The key differences between experiments are size and liquidity. S&P 500 firms have a

median market cap approximately 4× larger ($7,949M vs $2,009M) and are 30-35× more

liquid (Amihud measure 0.002 vs 0.067) than Russell firms. Despite these differences,

baseline passive ownership levels are similar (6.2-7.1%), ensuring that differential volatil-

ity effects cannot be attributed to different starting ownership levels.

Figure 2 presents event study evidence on passive ownership evolution around in-

dex reconstitutions. Both figures plot demeaned passive ownership (subtracting cohort-

specific means) over 12 months surrounding the event. Both experiments show: (i)

parallel pre-trends supporting identification, (ii) sharp treatment effects at month 0 with

no anticipation, (iii) persistent effects lasting 12+ months.

5.2 Instrumental Variable Estimation

I estimate instrumental variables regressions using index reconstitutions to instrument

for passive ownership. The first stage regresses passive ownership on the interaction of

treatment and post-period:

Passiveiq = α + β · Treatediq × Postiq + µcohorti + δq + εiq (2)

The second stage uses predicted passive ownership to estimate volatility effects:

Volatilityiq = α + β · P̂assive + µcohorti + δq + εiq (3)

where µcohorti are firm-by-cohort fixed effects and δq are calendar quarter fixed effects.

Standard errors are double-clustered by firm and quarter.

Table 5 presents estimation results. Panel A shows S&P 500, Panel B shows Russell.
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In Panel A, the first stage indicates that S&P 500 addition increases passive ownership

by 1.90 percentage points—a 31% increase relative to the pre-treatment mean of 6.2%.

The F-statistic is 127.8, confirming strong first-stage power. The IV estimate (Column

2) shows passive ownership coefficient of 0.073. This indicates a one-percentage-point

increase in passive ownership raises quarterly volatility by 0.073 percentage points. For

the 1.90 percentage point increase from S&P 500 addition, this implies 0.14 percentage

point volatility increase, or 6.6% of the baseline (2.11%). The effect is positive but not

statistically significant.

In Panel B, the first stage shows Russell switching increases passive ownership by 1.70

percentage points—comparable to S&P 500. The F-statistic is 70.6, confirming adequate

first-stage power. The IV estimate shows a passive ownership coefficient of 0.198. A

one-percentage-point increase in passive ownership raises quarterly volatility by 0.198

percentage points. For the 1.70 percentage point increase from Russell switching, this

implies a a 0.34 percentage point increase in volatility, or 12.2% of the baseline (2.79%).

This effect is highly statistically significant and economically large.

The Russell IV estimate (0.198) is 2.7 times larger than the S&P 500 estimate (0.073).

Both experiments generate similar first-stage passive ownership increases (1.70-1.90 per-

centage points), yet volatility effects differ dramatically. This pattern directly confirms

the model’s prediction: passive ownership affects volatility more in illiquid stocks where

information is costly.

6 Conclusion

This paper demonstrates that the relationship between institutional ownership and

stock return volatility depends fundamentally on the investment strategy employed and

23



the liquidity characteristics of the underlying stocks. Passive ownership—through index

funds and ETFs—increases volatility, particularly in illiquid, small-cap stocks where in-

formation is costly to acquire and informed participation is scarce. In contrast, active

ownership shows neutral or stabilizing relationships with volatility across most market

segments. These findings reconcile conflicting evidence in the prior literature by showing

that the destabilizing effects attributed to ”institutional ownership” in recent studies are

driven primarily by passive investment strategies in illiquid markets, not by institutional

capital per se. The mechanism operates through the interaction of passive flows with

costly information production: as passive ownership rises in stocks where information is

expensive to acquire, fewer investors find it profitable to become informed, shrinking the

informed sector and amplifying the price impact of mechanical passive trading.

The quasi-experimental analysis provides particularly compelling causal evidence. By

comparing S&P 500 reconstitutions (affecting large, liquid stocks) with Russell 1000/2000

reconstitutions (affecting smaller, less liquid stocks), I show that the same type of ex-

ogenous passive ownership shock generates different volatility effects depending on stock

liquidity. This cross-experiment heterogeneity cannot be explained by alternative mech-

anisms that do not feature liquidity-dependent information costs.

From a policy perspective, these findings suggest that concerns about institutional

ownership and market stability should be targeted rather than uniform. The volatility

amplification effects are concentrated in illiquid, small-cap stocks with high passive owner-

ship—a segment that represents the majority of listed companies but only a small fraction

of aggregate market capitalization. For the broader market, particularly large-cap stocks

that dominate market value, passive ownership appears to have minimal effects on volatil-

ity, while active ownership may provide modest stabilization. Regulatory frameworks for
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monitoring market stability should therefore distinguish between passive and active cap-

ital and account for the liquidity profile of underlying holdings. Aggregate measures of

institutional concentration, which treat all institutional capital as equivalent, may over-

state systemic risks by giving equal weight to destabilizing effects in illiquid microcaps

and stabilizing or neutral effects in liquid large-caps. Stress tests and liquidity monitoring

should focus on the joint distribution of passive ownership and stock-level information

frictions, recognizing that the same level of passive ownership can have vastly different

implications for market quality depending on the underlying stocks’ liquidity.

Several directions for future research emerge from this analysis. First, the model

focuses on a single-asset setting and abstracts from portfolio effects and cross-stock cor-

relations. Extending the framework to a multi-asset setting could illuminate how passive

flows transmit volatility across stocks through index-level trading and arbitrage channels.

Second, the empirical analysis focuses on quarterly return volatility; higher-frequency

analysis using intraday data could provide additional insights into the microstructure

mechanisms through which passive trading affects prices. Third, the welfare implica-

tions of passive-induced volatility remain unclear—does increased volatility reflect noise

that impairs capital allocation, or does it simply represent increased price discovery as

markets adjust to new information? Finally, the rapid growth of factor-based and the-

matic ETFs raises questions about whether these products generate similar or different

volatility effects compared to traditional cap-weighted index funds.
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Table 1: Summary Statistics

N Mean Std.Dev Min p25 Median p75 Max

1990-1999
Market Cap 171273 1319 7279 0.01 33.04 121.20 539.49 602432
Daily Volatility (%) 171273 3.741 2.683 0.000 1.946 3.027 4.647 23.889
Passive Fund Ownership 171273 0.003 0.005 0.000 0.000 0.001 0.004 0.315
Active Fund Ownership 171273 0.079 0.085 0.000 0.011 0.052 0.121 0.929
Investment Advisor Ownership 171273 0.014 0.027 0.000 0.000 0.002 0.016 0.455
1/Price 171273 0.249 0.558 0.001 0.053 0.104 0.229 12.800
Amihud illiquidity 171273 6.638 33.604 0.000 0.016 0.165 1.754 1085.164
log(Market cap) 171273 4.940 1.990 -0.942 3.498 4.797 6.291 10.541
Past 6-month return 171273 0.074 0.398 -0.855 -0.154 0.032 0.231 3.382
Book-to-market 171273 0.726 0.702 -2.809 0.321 0.585 0.942 7.712

2000-2010
Market Cap 169117 2853 14402 0.08 61.06 256.43 1122.55 556962
Daily Volatility (%) 169117 3.709 2.622 0.350 1.954 2.944 4.626 22.029
Passive Fund Ownership 169117 0.016 0.016 0.000 0.004 0.012 0.026 0.341
Active Fund Ownership 169117 0.127 0.113 0.000 0.024 0.105 0.204 0.881
Investment Advisor Ownership 169117 0.042 0.054 0.000 0.003 0.022 0.058 0.480
1/Price 169117 0.216 0.531 0.000 0.039 0.074 0.176 8.962
Amihud illiquidity 169117 3.645 24.041 0.000 0.002 0.022 0.426 893.012
log(Market cap) 169117 5.621 2.064 0.273 4.112 5.547 7.023 10.969
Past 6-month return 169117 0.066 0.506 -0.933 -0.191 0.012 0.219 6.258
Book-to-market 169117 0.731 0.799 -1.972 0.304 0.550 0.901 8.986

2010-2019
Market Cap 127588 6080 27102 0.41 137.29 646.94 2779.52 1287643
Daily Volatility (%) 127588 2.687 1.714 0.224 1.554 2.217 3.289 14.161
Passive Fund Ownership 127588 0.048 0.037 0.000 0.018 0.044 0.070 0.378
Active Fund Ownership 127588 0.139 0.112 0.000 0.031 0.130 0.221 0.804
Investment Advisor Ownership 127588 0.058 0.058 0.000 0.016 0.041 0.082 0.483
1/Price 127588 0.121 0.230 0.000 0.023 0.048 0.111 2.624
Amihud illiquidity 127588 1.578 9.221 0.000 0.000 0.003 0.039 160.109
log(Market cap) 127588 6.462 2.128 1.465 4.922 6.472 7.930 11.898
Past 6-month return 127588 0.063 0.326 -0.846 -0.118 0.043 0.206 2.966
Book-to-market 127588 0.691 0.688 -1.420 0.284 0.556 0.911 8.269

Notes. This table presents summary statistics for key variables used in the analysis. The sample period is 1990 Q1
- 2019 Q4
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Table 2: Effects of Ownership on Volatility

Dependent Variable: Standard deviation of daily returns (q; %)
Model: All Samples Cap-weighted Non-microcaps Microcaps

Variables
Ownership by active investment companies (q-1) -0.5316∗∗∗ -0.7913∗∗∗ -1.069∗∗∗ 0.0628

(0.1830) (0.2218) (0.1875) (0.2695)
Ownership by passive funds (q-1) 3.136∗∗∗ 0.8323 0.9940∗ 4.150∗∗∗

(0.9638) (0.7393) (0.5181) (1.364)
Ownership by active funds (q-1) 0.4194∗∗∗ -0.0593 -0.0384 1.813∗∗∗

(0.1472) (0.2405) (0.1571) (0.3612)
1/Price (q-1) 1.008∗∗∗ 2.457∗∗∗ 2.056∗∗∗ 0.7766∗∗∗

(0.1299) (0.4518) (0.5252) (0.1333)
Amihud illiquidity (q-1) 0.0056∗∗∗ 0.0068∗∗∗ 0.7053 0.0050∗∗∗

(0.0013) (0.0012) (0.5073) (0.0012)
log(Market cap) (q-1) -0.6055∗∗∗ -0.2145∗∗∗ -0.3010∗∗∗ -0.7959∗∗∗

(0.0452) (0.0389) (0.0469) (0.0553)
Book-to-market (q-1) 0.0740∗∗∗ 0.0164 0.0715∗ 0.0356

(0.0240) (0.0602) (0.0421) (0.0220)
Past 6-month return (q-3 to q-1) -0.0755 -0.1453 -0.1287 0.0146

(0.0724) (0.1003) (0.0988) (0.0504)

Fixed-effects
PERMNO Yes Yes Yes Yes
date Yes Yes Yes Yes

Fit statistics
Observations 505,020 505,020 230,235 274,127
R2 0.65979 0.68866 0.64560 0.63360
Within R2 0.15583 0.02623 0.03026 0.17579

Clustered (PERMNO & qdate) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 3: Effects of Ownership on Volatility, by Amihud Illiquidity Quintile

Dependent Variable: Standard deviation of daily returns (q; %)
Model: Quntile 1 Quntile 2 Quntile 3 Quntile 4 Quntile 5

Variables
Ownership by active investment companies (q-1) -1.764∗∗∗ -0.5179∗∗∗ -0.7352∗∗∗ -0.5878∗ -0.9664∗∗

(0.2434) (0.1939) (0.2080) (0.3043) (0.4498)
Ownership by passive funds (q-1) -2.262∗∗∗ 1.119 4.610∗∗∗ 10.30∗∗∗ 5.227∗∗

(0.7442) (0.8674) (1.256) (1.747) (2.527)
Ownership by active funds (q-1) 0.6467∗∗∗ 0.5402∗∗∗ 0.8775∗∗∗ 1.085∗∗∗ 0.3214

(0.1435) (0.1525) (0.1635) (0.2919) (0.4033)
1/Price (q-1) 0.6284∗∗ 0.8820∗∗∗ 1.205∗∗∗ 0.6169∗∗∗ 0.4809∗∗∗

(0.2605) (0.2042) (0.1575) (0.1122) (0.0834)
Amihud illiquidity (q-1) -0.0030 -0.0234 0.0087∗ 0.0014 0.0071∗∗∗

(0.0076) (0.0598) (0.0045) (0.0019) (0.0009)
log(Market cap) (q-1) -0.2969∗∗∗ -0.4347∗∗∗ -0.5918∗∗∗ -0.8635∗∗∗ -1.265∗∗∗

(0.0436) (0.0399) (0.0432) (0.0445) (0.0552)
Book-to-market (q-1) 0.0704∗ 0.0434 -0.0128 -0.0306 -0.0776∗∗∗

(0.0385) (0.0280) (0.0260) (0.0237) (0.0270)
Past 6-month return (q-3 to q-1) -0.0225 0.0798 0.0721 -0.0452 -0.2668∗∗∗

(0.0893) (0.0643) (0.0534) (0.0524) (0.0642)

Fixed-effects
PERMNO Yes Yes Yes Yes Yes
date Yes Yes Yes Yes Yes

Fit statistics
Observations 111,657 102,139 96,856 94,208 95,345
R2 0.68414 0.67356 0.68135 0.68227 0.71728
Within R2 0.02903 0.03122 0.05699 0.09113 0.20498

Clustered (PERMNO & date) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

31



Table 4: Index reconstitutions - Summary Statistics

Panel A: S&P 500 (Pre-Treatment Period: Quarters t− 12 to t− 2)

Variable Treated Firms Controls Outside Controls In
(N=259) Index (N=912) Index (N=502)

Mean (Median) Mean (Median) Mean (Median)

Market Cap ($M) 10,181 (7,949) 5,564 (3,528) 36,601 (15,961)
Passive Ownership (%) 6.2 (5.5) 5.9 (5.1) 7.6 (6.7)
Volatility (%) 2.11 (1.82) 2.35 (1.99) 193 (1.63)
Amihud Illiquidity 0.004 (0.002) 0.013 (0.005) 0.002 (0.001)
1/Price 0.029 (0.020) 0.039 (0.027) 0.027 (0.019)
Book-to-Market 0.35 (0.29) 0.41 (0.35) 0.41 (0.33)

Panel B: Russell 2000 (Pre-Treatment Period: Quarters t− 12 to t− 2)

Variable Treated Firms Control Firms
(N=194) (N=186)

Mean (Median) Mean (Median)

Market Cap ($M) 2,062 (2,009) 2,078 (1,978)
Passive Ownership (%) 7.1 (6.8) 6.2 (6.2)
Volatility (%) 2.79 (2.41) 2.95 (2.49)
Amihud Illiquidity 0.118 (0.067) 0.166 (0.067)
1/Price 0.063 (0.045) 0.061 (0.043)
Book-to-Market 0.70 (0.52) 0.66 (0.59)

Notes: The table reports summary statistics for the pre-treatment period (quarters t − 12 to t − 2
relative to index addition or index switch). Market capitalization in millions of dollars. Amihud
illiquidity multiplied by 106.
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Table 5: IV Estimates for Effect of Passive Ownership on Volatility

Panel A: S&P 500 Addition (1 year before and 1 year after treatment)

(1) (2)
First Stage Instrumental variables

Dependent Variable: Passive Ownership Volatility (%)

Added × Post 0.0190∗∗∗

(0.0016)

Passive 0.073
(0.057)

Observations 20,922 20.922
R2 0.950 0.724
F -statistic 127.8 —

Fixed Effects Firm×Cohort, Qtr Firm×Cohort, Qtr
Clusters Firm, Quarter Firm, Quarter

Panel B: Russell 1000 → 2000 (1 year before and 1 year after treatment)

Switched × Post 0.0170∗∗∗

(0.0035)

Passive 0.198∗∗∗

(0.064)

Observations 2,237 2,237
R2 0.879 0.743
F -statistic 70.6 —

Fixed Effects Firm×Cohort, Qtr Firm×Cohort, Qtr
Clusters Firm, Quarter Firm, Quarter

Notes: Panel A includes S&P 500 additions from 2007–2019 and matched control firms,
excluding quarters t − 1, t, and t + 1. Post equals one for quarters after index addition.
Cohorts defined by GICS sector × market cap quintile × month of addition. Panel B includes
Russell 1000 firms within ±100 ranks of threshold from 2007–2019, excluding quarters t− 1,
t, and t+ 1. Post equals one for quarters after June reconstitution. Cohorts defined by year.
Standard errors double-clustered by firm and calendar quarter in parentheses. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10.
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Figure 1: Model Predictions. This figure plots changes in the standard deviation of
price as the share of index investing increases in our model.
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Figure 2: Upper panel shows average level of passive ownership for control firms out
of the index (“Not Added”), control firms in the index (“Already In”), and added firms
(“Added”). Lower panel shows average level of passive ownership for firms that stay in
the Russell 1000 (“Stay in 1000”) and firms that switched from the Russell 1000 to the
Russell 2000 (“1000 →2000”).

35


	Introduction
	Contribution to the Literature

	Theoretical Framework and Hypotheses Development
	Environment
	Equilibrium
	Optimal Allocation
	Market clearing

	Comparative Statics

	Data
	Institutional Investors Ownership

	Passive versus Active Ownership and Volatility
	Baseline Panel Regressions

	Quasi-Experimental Evidence: Index Reconstitutions
	Identification Strategy
	S&P 500 Addition
	Russell 1000/2000 Indices

	Instrumental Variable Estimation

	Conclusion

